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Abstract 26 
One of the most important quality traits in popcorn breeding programs is the popping 27 
expansion (PE) capacity of the kernel, which is the ratio of the volume of the popcorn to the 28 
weight of the kernel. In this study, we evaluated whether near infrared spectroscopy (NIR 29 
spectroscopy) could be used as a tool in popcorn breeding programs to routinely predict and/or 30 
discriminate popcorn genotypes on the basis of their PE. Three generations (F1, F2, and F2:3) 31 
were developed in three planting seasons by manual cross-pollination and self-pollination. A 32 
total of 376 ears from the F2:3 generation were selected, shelled, and subjected to phenotypic 33 
analysis. Genetic variability was observed in the F2 and F2:3 generations, and their average PE 34 
value was 31.5 ± 6.7 mL.g-1. PE prediction models using partial least square (PLS) regression 35 
were developed, and the root mean square error of calibration (RMSEC) was 6.08 mL.g-1, while 36 
the coefficient of determination (RC
2) was 0.26. The model developed by principal component 37 
analysis with quadratic discriminant analysis (PCA-QDA) was the best for discriminating the 38 
kernels with low PE (≤ 30 mL.g-1) from those with high PE (> 30 mL.g-1) with an accuracy of 39 
78%, sensitivity of 81.2%, and specificity of 72.2%. Although NIR spectroscopy appears to be a 40 
promising non-destructive method for assessing the PE of intact popcorn kernels for narrow 41 
breeding populations, greater variability and larger sample sizes would help improve the 42 
robustness of the predictive and classificatory models. 43 
 44 
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46 
1. Introduction 47 
One of the most important quality traits in popcorn breeding programs is the popping 48 
expansion (PE) capacity of the kernel, which is defined as the ratio of the volume of the popcorn 49 
to the weight of the kernel (Guimarães et al., 2000). Owing to targeted breeding and selection, 50 
the PE capacity of popcorn has significantly increased over the last few decades. Recent reports 51 
have demonstrated that the PE values of popcorn have approximately doubled in comparison to 52 
those of the older American (25 mL.g-1) (Galvão et al., 2015) and Brazilian popcorn varieties (15 53 
mL.g-1) (Zinsly and Machado, 1987), and the PE values of the current popcorn breeds are 54 
approximately 30 mL.g-1 (Amaral Junior et al., 2012; Oliveira et al., 2019). 55 
Although popcorn quality has noticeably improved in other parts of the world, Brazilian 56 
farmers still rely on imported seeds, especially from the United States of America (USA), where 57 
the PE capacity of popcorn is superior (Sawazaki, 2011). Additionally, since popcorn is bought 58 
by weight and sold by volume, the PE capacity is a vital criterion in determining the commercial 59 
value of popcorn. 60 
One of the most difficult processes in popcorn breeding programs is phenotyping the high 61 
numbers of genotypes for assessing their PE capacity. In addition to the time required for 62 
selecting the genotypes with high PE, phenotyping destroys the kernels, as it requires heating the 63 
kernels in a microwave oven for rupturing the pericarp. This is a widely accepted procedure for 64 
determining the PE capacity of popcorn (Galvão et al., 2000). However, this method is 65 
destructive, requires large quantities of grains, and the crosses between the different genotypes in 66 
popcorn breeding programs produce a small number of kernels. Altogether, these methodological 67 
disadvantages challenge the progress of popcorn breeding programs towards maximizing genetic 68 
gains. A non-destructive method would allow the assessment of superior genotypes without 69 
destroying the grains, and could also accelerate the breeding process.  70 
Near infrared spectroscopy (NIR spectroscopy) could provide a better alternative for 71 
assessing the PE capacity of popcorn, as NIR spectroscopy is a non-destructive method for 72 
measuring the chemical constituents of biological materials (Pasquini et al., 2003). The PE 73 
capacity is related to the presence of a glassy (Quinn et al., 2005) or translucent endosperm with 74 
densely packed starch granules, which allow the kernels to expand (van der Sman and Bows, 75 
2017). NIR spectroscopy has been used to predict the composition of maize kernel and has 76 
enabled the rapid selection of individual seeds with desirable traits, including the presence of 77 
starch, protein, oil, and phenolics (Baye et al., 2006; Meng et al., 2015). It also has been used to 78 
develop calibration models for the common varieties of corn, and for calibrating the quality traits 79 
of other species (Brito et al., 2013; Sinelli et al., 2010; Williams et al., 2009).  80 
In order to select popcorn varieties with NIR spectroscopy on the basis of their 81 
phenotypic traits, and especially for enhanced PE capacity, samples of whole grains can be 82 
quickly screened, requiring no sample preparation, and the kernels can be preserved following 83 
measurement for further analyses and/or propagation. However, to the best of our knowledge, 84 
there are no NIR spectroscopy calibration and/or classification models that can be applied to 85 
correlate the traits of popcorn kernels in breeding programs. Therefore, the aim of this study was 86 
to evaluate whether NIR spectroscopy could be routinely used a tool in popcorn breeding 87 
programs for discriminating popcorn genotypes on the basis of their PE capacities.  88 
 89 
2. Materials and Methods 90 
2.1. Plant Materials 91 
A total of 183 partial (S3) inbred lines were obtained from nine different origins 92 
(commercial hybrids cultivars). The strains were separated based on the similarity of their 93 
agronomic characteristics, and nine populations were formed from the seed mix of the different 94 
strains in each group. Three generations (F1, F2, and F2:3) were developed in three planting 95 
seasons by manual cross-pollination and self-pollination.  96 
The first (F1) and second (F2) generations were developed at the experimental farm of 97 
Universidade Estadual Paulista (UNESP), Faculdade de Ciências Agrárias e Veterinárias 98 
(FCAV), Campus de Jaboticabal, located in Jaboticabal, São Paulo, Brazil (latitude 21º 15' 17'' S, 99 
longitude 48º 19' 20'' W, and altitude of 605 m) during the season of 2012/2013. The F1 100 
generation and their reciprocal F1' hybrids were obtained by complete diallel crosses between the 101 
populations thus formed. The F2 generation was produced by sowing some seeds from the F1 102 
hybrids and some seeds from the F1' reciprocals in the season of 2013/2014. The F2 generation 103 
was generated by allowing self-fertilization of the hybrid combinations using the SIB (Self in 104 
Brothers) crossing method, following which the F2 seeds thus generated from the 72 hybrid 105 
combinations were harvested and stored in a dry chamber. 106 
The third (F2:3) generation was developed in 2014 at the Texas A&M University 107 
Experimental Farm located in Weslaco, Texas, USA (latitude 26º 9' 33'' N, longitude 97º 59' 15'' 108 
W, and altitude of 24 m). Similar to the method employed for generating the F2 plants, the F2:3 109 
plants were produced by self-fertilizing all the F2 plants in the plot by manual pollination. All the 110 
ears were later identified, separately harvested, and dried in the shade. A total of 376 ears from 111 
the F2:3 generation were selected, hand-shelled, and all the grains were considered for analysis. A 112 
total of 120 grains were randomly selected as samples from each ear for phenotyping and 113 
calibration by NIR spectroscopy. 114 
2.2. Acquisition of NIR spectra 115 
The NIR spectra of the intact popcorn kernels were obtained using a Thermo Scientific 116 
Antaris II FT-NIR Analyzer (Thermo Electron Co., USA). Prior to acquisition of the NIR 117 
spectra, the kernels were allow to equilibrate in the ambient humidity for two weeks in a 118 
controlled laboratory environment at ~25ºC and 12-13% relative humidity. All the measurements 119 
were made in a diffuse reflectance mode using a 225 mL rotating cup with a capacity to hold 120 
approximately 175 g of common maize over the integrating sphere module of the spectrometer. 121 
A foam support was placed in the cup to reduce its volume so as to accommodate 120 popcorn 122 
kernels per sample. A set of 331 samples was run once, with 64 scans for the samples of whole 123 
kernel. All the NIR spectra were computed at a resolution of 4 cm-1 across the spectral range of 124 
4,000 - 10,000 cm-1 (1,000 to 2,500 nm) at ambient temperature (~25°C).  125 
 126 
2.3. PE assessment: reference analysis 127 
The samples were prepared according to the method described by Hoseney et al. (1983), 128 
but the time was adjusted according to the microwave model used and the number of kernels 129 
used for the study. Briefly, after scanning the samples of whole kernel by NIR spectroscopy, the  130 
120 kernels in each sample were divided into three sub-samples of 40 kernels each. The sub-131 
samples were weighed using a precision balance and popped in a paper bag in a microwave, 132 
using the maximum power setting of 1,350 w (60 Hz) for one minute and 30 seconds. The 133 
expansion volume of the samples was determined by calculating the mean ratio of the popcorn 134 
volume to the weight of each sub-sample (mL.g-1). The volume of the popcorn was measured 135 
using a 1,000 mL graduated cylinder, and the cylinder was inverted once for each process to 136 
prevent packing. The variability in PE capacity among the samples was measured by analysis of 137 
variance (ANOVA) using PROC MIXED in SAS software, (SAS, 2002). The analysis included 138 
the F2 population and F2:3 generation as random effects in the model. 139 
 140 
2.4. Chemometrics 141 
All the spectral data was processed in a MATLAB® R2014b environment (Mathworks, 142 
Natrick, USA) using the PLS Toolbox, version 7.9.3 (Eigenvector Research, Inc., Manson, 143 
USA), and in-house algorithms. The data was pre-processed by the standard normal variate 144 
(SNV) method, first by the Savitzky-Golay derivative (window of 7 points, 2nd order polynomial 145 
function), followed by vector normalization prior to chemometric analyses. 146 
The prediction models for discriminating popcorn kernels based on the PE capacity were 147 
developed using partial least squares (PLS), interval partial least squares (iPLS), and support 148 
vector regression (SVR), where 70% of the samples were selected for calibration and full cross-149 
validation, and the remaining 30% was set aside for external validation. The samples were split 150 
into calibration and validation sets using the Kennard-Stone sample selection algorithm 151 
(Kennard and Stone, 1969). 152 
 For classification of the kernels on the basis of the PE values, the samples were divided 153 
into training (70%), validation (15%), and test (15%) sets using the Kennard-Stone sample 154 
selection algorithm (Kennard and Stone, 1969). The training set comprised 83 samples of class 1 155 
kernels (PE ≤ 30 mL.g-1) and 148 samples of class 2 kernels (PE > 30 mL.g-1), and both the 156 
validation and test sets had 18 samples of class 1 kernels and 32 samples of class 2 kernels each.  157 
 For classification, principal component analysis (PCA) with linear discriminant analysis 158 
(PCA-LDA) and PCA with quadratic discriminant analysis (PCA-QDA) were performed. The 159 
PCA-LDA and PCA-QDA algorithms are based on data reduction using PCA (Bro and Smilde, 160 
2014) followed by discrimination of the PCA scores using LDA and QDA, respectively (Dixon 161 
and Brereton, 2009). The LDA (Lik) and QDA (Qik) classification scores can be calculated by the 162 
following equations described by Costa et al., (2017): 163 
      (1) 164 
     (2) 165 
Where, xi is the vector containing the classification variables for sample i (e.g., PCA 166 
scores for A components); x̅k is the mean vector of class k; Σpooled is the pooled covariance matrix; 167 
Σk is the variance-covariance matrix of class k; and πk is the prior probability of class k. The 168 
values of Σpooled, Σk, and πk are calculated by the following equations described by Costa et al., 169 
(2017):  170 
       (3) 171 
         (4) 172 
           (5) 173 
Where nk is the number of samples of class k; n is the total number of samples in the 174 
training set; and K is the number of classes. 175 
 The main difference between LDA and QDA is that LDA uses a pooled covariance 176 
matrix to calculate the discriminant function between the classes, whereas QDA uses the 177 
variance-covariance matrices of each class separately (Dixon and Brereton, 2009). Therefore, 178 
PCA-QDA usually achieves a better performance than PCA-LDA when analyzing complex 179 
datasets where the variance structures between the classes are very different. 180 
In this study, classification was also achieved by variable selection using the genetic 181 
algorithm (GA), where both the LDA and QDA algorithms were combined with GA. These 182 
algorithms combine GA with LDA (GA-LDA) and GA with QDA (GA-QDA). In both the GA-183 
LDA and GA-QDA algorithms, GA is initially applied to reduce the pre-processed spectral data 184 
into a few number of variables based on an evolutionary process (McCall, 2005), following 185 
which LDA or QDA is applied to these selected variables using Eq. 1 or 2, respectively. The 186 
selected variables are of the same scale as the original spectral data and are selected according to 187 
the lowest risk of misclassification (G). The value of G is calculated from the validation set 188 
according to the following equation described by Carvalho et al. (2018): 189 
          (6) 190 
Where, Nv is the number of validation samples, and gn is defined as: 191 
         (7) 192 
Where, the numerator is the squared Mahalanobis distance between sample xn (of class index 193 
I(n)) and the mean mI(n) of its true class; and the denominator represents the squared Mahalanobis 194 
distance between sample xn and the mean mI(m) of the closest unselected class. The GA was 195 
performed for 100 generations, with 200 chromosomes each. The cross-over and mutation 196 
probabilities were set at 60% and 1%, respectively. The algorithm was repeated three times and 197 
the best result was chosen. 198 
The classification was finally performed using soft independent modeling of class analogy 199 
(SIMCA) and PLS regression with discriminant analysis (PLS-DA). SIMCA models are based 200 
on PCA models in which each class corresponds to a training set (Sabin et al., 2004). The use of 201 
PLS-DA maximizes the separation of pre-defined classes as it explains the variability within a 202 
general dataset (Wong et al., 2013). 203 
 204 
2.4.1.  Statistical evaluation 205 
 The algorithms used in this study were statistically evaluated by the accuracy, sensitivity, 206 
and specificity, which were calculated for each model. Sensitivity is defined as the proportion of 207 
positive samples correctly classified, and specificity is defined as the proportion of negative 208 
samples correctly classified. These figures of merit were calculated according to the following 209 
equations described by Baia et al. (2016) and Carvalho et al. (2016): 210 
      (6) 211 
        (7) 212 
        (8) 213 
Where, N is the total number of samples; H is the total number of classes; yh
* is the number 214 
of samples incorrectly classified in class h; TP is the number of true positives; TN is the number 215 
of true negatives; FP is the number of false positives; and FN is the number of false negatives. 216 
 217 
3. Results 218 
3.1. Genetic analysis 219 
Genetic variability was observed in the F2 and F2:3 generations (Table 1). The coefficient 220 
of environmental variation (CVe) reflected the precision of the phenotyping measurement 221 
performed in this study, and the confidence of the analyses agreed with those of other popcorn 222 
phenotyping studies (Guimarães et al., 2018; Miotto et al., 2016). 223 
3.2. NIR spectral features 224 
 The raw NIR spectra of all the popcorn kernels and the average SNV pre-processed 225 
spectra did not show obvious differences between the two classes (Figure 1), even when the first 226 
derivative of Savitzky-Golay was tested (data not shown). The NIR spectra exhibited two main 227 
absorption bands at 1116 nm and 1300 nm. The first is likely to be related to the second overtone 228 
due to the Car-H group (Wust and Rudzik, 1996), attributed to the stretching vibration of the C-H 229 
and CH3 groups associated with lignin, but a causal relationship could not be determined ( Alves 230 
et al., 2010; Wust and Rudzik, 1996). The second absorption band could be attributed to the first 231 
overtone due to the C-H stretching vibration associated with hemicellulose (Schwanninger et al., 232 
2011). Both bands indicated the hard popcorn kernel endosperm (Quinn et al., 2005; van der 233 
Sman and Bows, 2017). Five minor absorption bands were also observed and were related to the 234 
presence of cellulose (1854 nm and 2026 nm), O-H stretching vibration, and the second overtone 235 
of the C-O group (Fujimoto et al., 2007, Fujimoto et al., 2008; Osborne and Fearn, 1998; Siesler 236 
et al., 2002). The presence of lignin was again indicated by the absorption band at 2200 nm, and 237 
the C-H and C=O stretching vibrations (Workman and Weyer, 2007). Finally, the last absorption 238 
band at 2404 nm could be related to the presence of carbohydrates (starch), indicated by the C-H 239 
and C-C stretching vibrations (Schimleck and Evans, 2004). 240 
 241 
3.3. PE capacity 242 
The methodology described by Hoseney et al. (1983) was sufficient for determining the 243 
PE capacity for all the populations of popcorn. The average PE was 31.5 ± 6.7 mL.g-1 with a 244 
standard error (SD) of 6.7 mL.g-1. However, values as high as 48.9 mL.g-1 and as low as 11.5 245 
mL.g-1 were also observed.  246 
 247 
3.4. Chemometrics: PE prediction models 248 
SVR and iPLS regression methods were applied to compare the predictive performance 249 
of the best regression model using PLSR-1D (Table 2). An iPLS model was built using 1300 250 
wavelengths selected by cross-validating using the 1st derived spectra (Savitzky-Golay, window 251 
of 7 points, 2nd order polynomial function). The calibration and validation performances were 252 
estimated by the values of RMSEC and RMSEP, and the value of RMSEC was 6.03 mL.g-1 (Rc² 253 
= 0.27) and that of RMSEP was 5.64 mL.g-1 (Rp
2 = 0.06). An SVR model was constructed using 254 
a radial basis function kernel with 200 support vectors determined by cross-validation (cost = 255 
100, epsilon = 1, and gamma = 10) with the 1st derived spectra, where the value of RMSEC for 256 
estimating the calibration performance was 7.05 mL.g-1 (Rc² = 0.09), and the value of RMSEP for 257 
estimating the validation performance was 5.53 mL.g-1 (Rp
2 = 0.001). 258 
 259 
3.5. Chemometrics: PE classification models 260 
The PE capacity represents the quality of the popcorn and the acceptable PE values for 261 
commercial purposes is approximately 30 mL.g-1 in Brazil (Pina Matta and Viana, 2001). 262 
Therefore, the NIR spectra of all the popcorn kernels were separated into two classes (PE ≤ 30 263 
and PE > 30 mL.g-1). Genotypes that have PE values > 30 mL.g-1 should be used in popcorn 264 
breeding programs. 265 
The first attempt to classify popcorn kernels was carried out using the raw NIR spectra 266 
for developing the PCA-LDA and PCA-QDA models using four principal components (PCs) that 267 
accounted for a cumulative variance of 99.88% (Figure 2). The GA-LDA and GA-QDA models 268 
were developed by selecting the important variables. Specifically, the algorithm selected the 269 
spectral variables at 1300, 1316, 1564, 1916, 1944, 2156, 2220, and 2238 nm for GA-LDA and 270 
those at 1286, 1340, 1375, 1496, 1582, and 1672 nm for GA-QDA. However, it was not possible 271 
to obtain a good discrimination between the popcorn classes on basis of the resulting scores 272 
(Figure 2). 273 
SNV was subsequently applied to pre-process the NIR spectra. The PCA-LDA and PCA-274 
QDA models were developed using 4 PCs accounting for 98.69% of the cumulative variance 275 
(Figure 3). The GA-LDA and GA-QDA models used different variables, namely the spectral 276 
variables at 1280, 1211, 1230, and 2025 nm and the spectral variables at 1099, 1185, 1355, and 277 
2022 nm, respectively. A better discrimination was subsequently obtained between the PE 278 
classes when compared to that achieved with the raw NIR spectra. 279 
For the non-pre-processed data, SIMCA (3 PCs for class 1 and 4 PCs for class 2, 99% 280 
explained variance, determined by cross-validation with venetian blinds using 10 data splits) and 281 
PLS-DA (9 LVs determined by cross-validation with venetian blinds using 10 data splits, ~100% 282 
explained variance) were performed for comparing the performance of the classification. The 283 
SNV data were also analyzed by SIMCA (5 PCs for class 1 and 4 PCs for class 2, 99% explained 284 
variance, determined by cross-validation with venetian blinds using 10 data splits) and PLS-DA 285 
(6 LVs determined by cross-validation with venetian blinds with 10 data splits, 99% explained 286 
variance). For both the raw and pre-processed data, the performance of SIMCA and PLS-DA 287 
were inferior to that of PCA-QDA. 288 
The classification rates were determined for all the models (Table 3). The sensitivity 289 
values of the SIMCA, PLS-DA, PCA-LDA, PCA-QDA, GA-LDA, and GA-QDA models were 290 
68.7%, 65.6%, 68.7%, 81.2%, 65.6%, and 65.6%, respectively, when SNV pre-processed NIR 291 
spectra were used. Furthermore, the values of accuracy and specificity indicated that PE could be 292 
better classified by the PCA-QDA model than by the other discriminant models (Table 3).  293 
 294 
4. Discussion 295 
The genetic variability observed in the F2 and F2:3 populations should allow enhancement 296 
of the genetic gains in popcorn quality through selection. The PE capacity is the best example of 297 
such a trait in popcorn that can be enhanced through selection. The higher the precision in PE 298 
phenotyping the greater is the chance of obtaining the best popcorn genotype. In addition, most 299 
of the studies on popcorn genetic parameters have demonstrated that the genetic basis of PE is 300 
controlled by additive allele effects (Cabral et al., 2015), which further facilitates the 301 
enhancement of popcorn quality in breeding programs in terms of genetic gains.  302 
The average PE value observed in this study reflected a modest but significant genetic 303 
variability. The F2 and F2:3 populations had the potential to produce genotypes with the desired 304 
PE values of approximately 40 mL.g-1 (Pina Matta and Vianna, 2001), which is much higher than 305 
30 mL.g-1 found in commercial Brazilian popcorn populations (Amaral Júnior, et al. 2013). 306 
 The focus of this study was to evaluate whether NIR spectroscopy could be used as a tool 307 
for discriminating popcorn genotypes based on their PE capacity, and the results indicated that 308 
NIR spectroscopy could indeed discriminate popcorn genotypes on the basis of this quality 309 
parameter. The main NIR spectra absorption bands were associated with the presence of lignin 310 
(1116 nm and 2200 nm), hemicellulose (1300 nm), cellulose (1854 nm and 2026 nm), and starch 311 
(2404 nm), which possibly reflected the presence of a glassy (Quinn et al., 2005) and translucent 312 
endosperm with densely packed starch granules that allow the kernels to expand explosively (van 313 
der Sman and Bows, 2017). Maize kernels, including the hard, intermediate, and soft kernel 314 
types contain both glassy and floury endosperm in different ratios (Williams et al., 2009). In the 315 
hard kernel type, which is found in popcorn, the endosperm is primarily of a glassy nature. In 316 
soft kernels, the endosperm is mostly floury (Sweley et al., 2013), and the NIR spectra obtained 317 
in this study was largely able to highlight the differences related to the presence of a hard kernel 318 
in popcorn. 319 
 The accuracy of the PLS models for predicting the PE capacity of intact popcorn kernels 320 
was reflected in the RMSEC (6.08 mL.g-1), which represented 19.3% of the average PE. 321 
However, an RC
2 value of only 0.26 indicated a low proportion of explained variance in PE in the 322 
calibration set. PLS models did not show good results due to the complexity of the data itself. 323 
Even the testing results for variable selection by iPLS and non-linear regression by SVR were 324 
inferior to that of PLS. This means that the spectral profile is affected by factors other than the 325 
PE capacity of the kernel, and other experimental parameters such as moisture should be 326 
measured for model correction. Baye et al. (2006) also reported low R2 values while predicting 327 
protein (0.16) and starch (0.23) in single maize kernels using NIR spectra and PLS models that 328 
were intended to be used by geneticists and breeders for screening large numbers of samples. 329 
NIR spectroscopy can still be used a tool for non-destructively reducing the number of samples 330 
to be tested, however, some tolerance for false positives and negatives is necessary. On the 331 
whole, the PLSR model had a low value of RMSEC, but the low values of residual predictive 332 
deviation (RPD) and Rc
2 indicate that this model cannot be blindly used in popcorn breeding 333 
programs for predicting PE values as inaccurate results are likely.  334 
As the predictive model was not adequate, we tested the use of NIR spectroscopy for 335 
classifying (discriminating) popcorn with different genetic compositions into different classes, 336 
with the aim of rapid non-destructive phenotype selection, as this would probably be of greater 337 
use to a popcorn breeding program. As the desirable value of PE for commercial purposes in 338 
Brazil is approximately 30 mL.g-1 (Amaral Júnior et al., 2013), the genotypes that have PE 339 
values above 30 mL.g-1 should be used in popcorn breeding programs for developing new 340 
cultivars. However, in order to discriminate popcorn kernels into the two PE (≤ 30 and > 30 341 
mL.g-1) classes, no single NIR spectral feature could be employed for classification, making it 342 
necessary to apply computational analysis such as SIMCA, PLS-DA, PCA-LDA, PCA-QDA, 343 
GA-LDA, and GA-QDA. 344 
The classification accuracy ranged from 62% (SIMCA) to 76% (GA-QDA) when the raw 345 
NIR spectra was used. However, a clear separation between popcorn kernel classes without 346 
overlap was not observed among the samples. This result might be related to the similarities 347 
between these popcorn classes and kernels of other popcorn populations (Sobierajski, 2012). The 348 
accuracy improved when the NIR spectra was pre-processed with SNV and the best result (78%) 349 
was obtained with PCA-QDA. Even though GA aided in selecting several important variables 350 
and reduced the problems of collinearity, this technique was not superior to PCA-QDA. 351 
Overall, the discrimination between the two popcorn classes based on PE was more 352 
successful when PCA-QDA was applied, demonstrating that NIR spectroscopy together with 353 
powerful chemometric approaches has the potential to detect and identify popcorn genotypes that 354 
have PE values below and above the ideal target limit (30 mL.g-1) in a breeding program. 355 
Recently, hyperspectral (NIR spectroscopy) imaging has been used to classify maize kernels on 356 
the basis of hardness (Williams and Kucheryavskiy, 2016), highlighting the possibilities of using 357 
NIR spectroscopy as a tool for discriminating popcorn kernels in breeding programs in the 358 
future.  359 
 360 
5. Conclusion 361 
 NIR spectroscopy can be used as a tool for discriminating intact popcorn kernels based 362 
on their PE capacity. The quantitative PLS models developed herein should not be used in 363 
popcorn breeding programs as inaccurate PE prediction values are expected. Instead, the PCA-364 
QDA model can be applied for discriminating intact popcorn kernels with low PE (≤ 30 mL.g-1) 365 
from those with high PE (> 30 mL.g-1). Although NIR spectroscopy proved to be a promising 366 
non-destructive method for assessing the PE capacity of intact popcorn kernels, it is necessary to 367 
include more sources of variability and increase the sample size for improving the robustness of 368 
the predictive and classificatory models. 369 
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Table 1. Deviance analysis by the likelihood ratio test (LRT) among 62 F2 populations evaluated 496 





2  LRT2 
Random effect 
F2 population 1 7.75
** 412.85 
F2:3 generation 1 30.90
** 19.62 
Residual  39.62  
Fixed effect DF F-value P > F 
Rep 2 1.60ns 0.20 
CVe(%)  11.13 
** and ns, significant at 0.01, no-significant, respectively; SV: source of variation; DF ( 2 ): 498 
degrees of freedom of the chi-square analysis; Rep: Repetitions; PE: Popping expansion (mL.g-499 




Table 2. Partial least squares regression (PLSR) for popcorn kernel popping expansion (PE, 504 
mL.g-1). 505 
PLSR       
 LV Rc2 RMSEC RMSECV Rp2 RMSEP 
PLSR-nil 3 0.18 6.37 6.51 0.05 5.56 
SNV 4 0.19 6.35 6.62 0.08 5.49 
PLSR-1D 3 0.26 6.08 6.50 0.10 5.38 
PLSR-SVN+1D 2 0.21 6.29 6.60 0.06 5.54 
LV = latent variable, RMSEC = root mean square error of calibration, RMSECV = root mean 506 
square error of cross-validation; RMSEP = root mean square error of prediction, nil = raw NIR 507 
spectra, SNV = standard normal variate, 1D = 1st derivative Savitzky-Golay (window of 7 points, 508 
2nd order polynomial function). 509 
510 
 511 
Table 3. Classification of popcorn kernels based on popping expansion (PE, mL.g-1) and NIR 512 
spectroscopy using SIMCA, PLS-DA, PCA-LDA, PCA-QDA, GA-LDA, and GA-QDA. 513 
SIMCA 
Pre-processing 
 Correct Classification (%) Figure of Merit (%) 
Class Training Validation Test Accuracy Sensitivity Specificity 
None > 30 78.3 61.1 66.7 
62.0 59.4 66.7 
 < 30 64.9 65.6 59.4 
SNV > 30 74.7 55.6 61.1 
66.0 68.7 61.1 
 < 30 66.2 71.9 68.7 
PLS-DA        
None > 30 73.5 55.6 72.2 
74.0 75.0 72.2 
 < 30 77.7 84.4 75.0 
SNV > 30 63.9 61.1 66.7 
66.0 65.6 66.7 
 < 30 68.9 78.1 65.6 
PCA-LDA        
None 
> 30 57.8 44.4 66.7 
70.0 71.9 66.7 
< 30 54.7 43.7 71.9 
SNV 
> 30 63.9 61.1 66.7 
68.0 68.7 66.7 
< 30 62.2 78.1 68.7 
PCA-QDA 
None 
> 30 55.4 44.4 71.9 
70.0 84.4 44.4 
< 30 67.6 59.4 84.4 
SNV 
> 30 61.4 55.6 72.2 
78.0 81.2 72.2 
< 30 71.6 75.0 81.2 
GA-LDA 
None 
> 30 80.7 66.7 55.6 
74.0 84.4 55.6 
< 30 77.0 84.4 84.4 
SNV 
> 30 65.1 66.7 77.8 
70.0 65.6 77.8 
< 30 60.8 78.1 65.6 
GA-QDA 
None 
> 30 80.7 77.8 66.7 
76.0 81.2 66.7 
< 30 66.9 78.1 81.2 
SNV  
> 30 72.2 72.2 72.2 
68.0 65.6 72.2 
< 30 78.1 78.1 65.6 
Soft independent modeling of class analogy (SIMCA), parcial least square regression with 514 
discriminant analysis (PLS-DA), principal component analysis linear with discriminant analysis 515 
(PCA-LDA), principal component analysis with quadratic discriminant analysis (PCA-QDA), 516 
genetic algorithm with linear discriminant analysis (GA-LDA), and genetic algorithm with 517 








Figure 1. Near infrared spectra (-log10R) of all popcorn kernel samples (A), average spectra for 526 
each original class of popcorn sample (B). Class 1 (PE ≤ 30 mL.g-1) and Class 2 (PE > 30 mL.g-527 
1).  528 
529 
 530 
Figure 2. Discriminant function (DF) versus samples calculated by using SIMCA, PLS-DA, 531 
PCA-LDA, PCA-QDA, GA-LDA, and GA-QDA models from two classes of popping expansion 532 
(PE). Red dots, class 1 (PE ≤ 30 mL.g-1) and blue dots, class 2 (PE > 30 mL.g-1) without NIR 533 




Figure 3. Discriminant function (DF) versus samples calculated by using SIMCA, PLS-DA, 538 
PCA-LDA, PCA-QDA, GA-LDA, and GA-QDA models from two classes of popping expansion 539 
(PE). Red dots, class 1 (PE ≤ 30 mL.g-1) and blue dots, class 2 (PE > 30 mL.g-1) with NIR 540 
spectra pre-processed with SNV. 541 
